(LC-HRMS) profiles. In parallel, redox active properties were evaluated by the capacity of the molecules to reduce 2,2-diphenyl-1-picrylhydrazyl (DPPH · ) and superoxide (O 2 ·− ) radicals using UV-Vis and electron spin resonance spectroscopies (ESR), respectively. A spectral similarity network (molecular networking) was used to highlight clusters involved in the observed redox activities. Results Dereplication on Viola alba subsp. dehnhardtii highlighted a reproducible pool of redox active molecules. Polyphenols, particularly O-glycosylated coumarins and C-glycosylated flavonoids, were identified and de novo dereplicated through molecular networking. Confirmatory analyses were undertaken by thin layer chromatography (TLC)-DPPH-MS assays and nuclear magnetic resonance (NMR) spectra of the most active compounds. Conclusion Our dereplication strategy allowed the screening of leaf extracts to highlight new biologically active metabolites in few steps with a limited amount of crude material and reduced time-consuming manipulations.
Introduction
In natural product research, identification and characterisation of bioactive compounds from crude extracts remains challenging. To identify active molecules, conventional treatments include extraction, bio-guided fractionation, isolation, and characterisation steps. However, these procedures are time consuming as the composition of natural extracts can be complex. There is also a risk of redundant results, such as isolating known compounds or loss of bioactivity during manipulations (Ayouni et al. 2016) . Holistic methods such as metabolomics can enhance the classical reductionist workflow based on iterative bioassays and paralleled fractionation to reach active compounds. This approach, referred to as untargeted metabolite profiling, and subsequent statistical analysis was revealed as a valuable tool in natural product research (Cox et al. 2014) .
Ultra-high performance liquid chromatography-high resolution mass spectrometry (UHPLC-HRMS) has been used to study complex mixtures, taking advantage of sensitive detection and high chromatographic and mass resolutions. This approach consists of the pre-identification of known compounds in a single analytical run, which is of particular interest in the dereplication process (Wolfender et al. 2015) . As a preliminary step, chemical compound databases are interrogated based on accurate mass of all detected features (m/z-retention time (RT) pairs), which produces molecular formula hits. However, several possibilities may be obtained, mainly due to isobaric matches. Therefore, additional filters are needed to rank database hits, such as cross-research with chemotaxonomic data or tandem mass spectrometry (MS/MS) fragmentation patterns. Indeed, development of in silico tools to mirror predicted fragmentation behaviour with experimental data limits the number of matches for a given feature (Xiao et al. 2012; Kind and Fiehn 2016) . Additionally, a mass spectral similarity network (e.g., molecular networking) was developed to help interpret LC-MS/MS spectra (Yang et al. 2013; Grapov et al. 2015) , complementing this dereplication strategy with the propagation of assigned peaks (Allard et al. 2016) .
MS/MS-based dereplication or de novo identification strategies are necessary to target active compounds early in the purification process as untargeted metabolite profiling methods generate tens to thousands of variables, depending of the analytical workflow (Wolfender et al. 2010) . Multivariate data analysis (MVA) is commonly used to exploit the variable space in order to rank the features most involved in sample separation. Orthogonal partial least square (OPLS) regression models enable the prediction of features involved in a given activity for each sample (Worley and Powers 2013; Bylesjö et al. 2006) .
Violets contain various natural products with diverse biological activities (Muhammad et al. 2012 ). These include anti-inflammatory, antimicrobial (WitkowskaBanaszczak et al. 2005) and, predominantly, antioxidant activity ). Previous work describes over 200 compounds in this genus, mainly flavonoids, terpenoids and phenylpropanoids (Zhu et al. 2015) . However, only 30 of the 500 species were studied. Thus, a potential supply of new biologically active compounds remains to be discovered, particularly non-volatile metabolites. Many interesting activities are related to the redox active functions of the molecules. Monitoring the ability to reduce free radicals by a single electron reaction is straightforward and automatable in vitro (López-Alarcón and Denicola 2013). This makes it possible to identify reducing agents (also known as antioxidants), which are useful in liquid or soft medium as preservatives. In vivo, the antioxidant character of a compound is not predominantly linked to its ability to scavenge free radicals due to kinetic constraints. The redox property of the molecule, in its reversibility, is involved. It is the oxidised form that paradoxically activates the Nrf2 (NF-E2-related factor 2) signalling pathway and allows the expression of antioxidant enzymes and proteins (Forman et al. 2014) . Thus evaluating in vitro reductants is the first step in identifying new structures capable of having active oxidised forms in vivo. The aim of this work was to identify metabolite clusters most probably involved in reduction reactions starting from a complex extract of leaves of violet of Toulouse (Viola alba subsp. Dehnhardtii, Violaceae).
Materials and methods

Plant material
In spring 2016, seven distinct flowerpots of violet of Toulouse (Viola alba subsp. dehnhardtii) were collected from the Toulouse Municipal Greenhouses, France. Samples were washed before separation of flowers, aerial parts and roots. To stabilise the vegetable matter, each plant part was lyophilised and ground into powder.
Leaf extraction
Metabolites were extracted by adding 10 volumes of 80% ethanol (EtOH) to the powdered leaf (10.0 ± 0.2 g). The solutions were then sonicated in a bath (Fisher Scientific) at room temperature for 30 min and filtered. This procedure was repeated once with fresh solvent. Each extract was evaporated under reduced pressure (Buchi rotavapor R-114) and 100 mg of the crude extracts were finally suspended in 1 mL of methanol prior to solid phase extraction (SPE) (1 g Sep-Pak ® C 18 cartridge, Waters, Milford, MA, USA). Rapid fractionation was achieved using five aqueous methanolic solutions of increasing organic solvent concentrations (F1: 95/5 H 2 O/MeOH; F2: 75/25; F3: 50/50; F4: 25/75; F5: 0/100). The five collected fractions of each extract were dried under reduced pressure. One part was put aside for redox properties analysis and the other part was dissolved to 1 mg/mL for UHPLC-HRMS analysis.
Redox properties assay
The reductive properties of the crude extracts and their respective fractions were firstly evaluated by the DPPH radical scavenging assay (Nguyen et al. 2013) . Each sample was analysed in triplicate and five concentrations were tested in order to graphically determine the half maximal inhibitory concentration (IC 50 ). Trolox (Fluka, purity >98%) and rutoside (Sigma, purity >94%) were used as positive controls. Secondly, the capacity of the molecules to reduce the superoxide radical (O 2 ·− ) was analysed by electron spin resonance (ESR) (Hubert et al. 2008 ). Rutoside was employed as a positive control. The results were analysed with WinEPR software (v. 2.11b, Bruker): a baseline correction was firstly done before second order integration of the signal.
UHPLC-HRMS profiling
All extracts were profiled using a UHPLC-DAD-LTQ Orbitrap XL instrument (Ultimate 3000, Thermo Fisher Scientific, Hemel Hempstead, UK). The UV detection was performed by a diode array detector (DAD) from 210 to 400 nm. Mass detection was performed using an electrospray source in positive ionisation (PI) and negative ionisation (NI) modes at 15,000 resolving power (full width at half maximum (FWHM) at 400 m/z). The mass scanning range was m/z 100-1500 Da. The capillary temperature was 300 °C and ISpray voltage was fixed at 4.2 kV (positive mode) and 3.0 kV (negative mode). Mass measurement was externally calibrated before starting the experiment. Each full MS scan was followed by data dependant MS/MS on the three most intense peaks using stepped collision-induced dissociation (CID) (35% normalised collision energy, isolation width 2 Da, activation Q 0.250). The LC-MS system was run in binary gradient mode using a BEH C 18 Acquity column (100 × 2.1 mm i.d., 1.7 µm, Waters, MA, USA) equipped with a guard column. Mobile phase A (MPA) was 0.1% formic acid (FA) in water and mobile phase B (MPB) was 0.1% FA in acetonitrile. Gradient conditions were: 0 min, 95% MPA; 0.5 min 95% MPA; 12 min, 5% MPA; 15 min, 5% MPA, 15.5 min, 95% MPA; 19 min, 95% MPA. The flow rate was 0.3 mL/min, column temperature 40 °C and injection volume was 2 µL.
Data processing
The UHPLC-HRMS raw data were converted to abf files (Reifycs Abf Converter) and processed with MS-DIAL version 2.54 (Tsugawa et al. 2015) for mass signal extraction between 100 and 1500 Da from 0 to 12.5 min. Respective MS1 and MS2 tolerance were set to 0.01 and 0.4 Da in centroid mode. The optimised detection threshold was set to 2 × 10 4 for MS1 and 10 for MS2. Adducts and complexes were identified to exclude them from the final peak list. Finally, the peaks were aligned on a quality control (QC) reference file with a retention time tolerance of 0.1 min and a mass tolerance of 0.025 Da. The resulting peak list was then exported to comma-separated value (CSV) format prior to MVA using SIMCA-P+ (version 14.0, Umerics, Umea, Sweden).
Statistical analysis
Comma-separated value files were directly imported into SIMCA-P+ (version 14.0, Umerics, Umea, Sweden). For MVA, all data were log transformed and pareto scaled. The OPLS regression analysis was done with DPPH IC 50 values as Y input. Coefficient scores were used to rank variables according to their reductive potential. For each model, a leave-one-subject-out cross-validation was performed to assess the model fit. The validity of the discriminant model was verified using permutation tests (Y-scrambling).
Identification of significant features
Molecular formulae of significant features were calculated with MS-FINDER 2.10 (Tsugawa et al. 2016) . Various parameters were used in order to reduce the number of potential candidates, such as the element selection exclusively including C, H, O; mass tolerance fixed to 10 ppm and the isotopic ratio tolerance set to 20%. Only natural product databases focused on plants were selected from Universal Natural Products Database (UNPD), KNApSAc, PlantCyc, Dictionary of Natural Products (DNP, CRC press, v25:2) and CheBI. The results were presented as a list of compounds sorted according to the score value of the match. This value encompassed uncertainty on accurate mass, the isotopic pattern score and the experimental MS/ MS fragmentation mirrored to in silico matches. Chemical classes were retained for identified features with a score above 5 and only structures with a score above 7 were retained for thorough analysis.
Mass spectral similarity network
The text file format exported from MS-DIAL was cleanedup by eliminating the identified adducts before importing into MetamapR (version 1.4.0) (Grapov et al. 2015) . A mass spectral similarity network was created with a maximum of ten connections between nodes, a cut off fixed at 0.3 and a retention time filter at 1.5 min. The calculated edge list was then downloaded and processed with Cytoscape 2.8.3 (Shannon et al. 2003 ). An attribute file containing all processed information, in particular m/z values, OPLS coefficients and chemical classes of identified features was imported to improve network visualisation.
Validation of the model by TLC-DPPH-MS
A TLC method was developed to confirm the statistical results. TLC separation was undertaken for fractions F2 and F3 with respective migration solvent composition: ethyl acetate, formic acid, acetic acid, water (50:5.5:5.5:13.5) and ethyl acetate, formic acid, water (60:6.5:6.5). 675 µL of a 10 mg/mL solution was deposed in band of 180 mm in a 20 cm TLC plate. The plate was then placed in an oven at 70 °C for 15 min and then observed under UV at 254 nm for F2 and 366 nm for F3. A small part of the plate was revealed with a purple DPPH solution at 600 mol/L. Then, yellow active spots were collected on the non-treated surface with the use of a TLC-MS interface (Camag, Muttenz, Switzerland) and directly injected into the LTQ-Orbitrap instrument.
Purification of compounds of interest
Purification of active compounds was undertaken starting from 200 mg of F2. LC-UV separation was performed using a XBridge™ C 18 prep column (4.6 × 150 mm i.d., 5 µm, Waters, MA, USA) on an HPLC-DAD-QTOF-MS instrument (HPLC Alliance 2695-QTof Premier, Waters, MA, USA). Mobile phase A (MPA) was 0.1% formic acid (FA) in water and mobile phase B (MPB) was 0.1% FA in acetonitrile. The linear gradient program was as follows: 0 min, 95% MPA; 15 min 75% MPA; 16 min, 50% MPA; 18 min, 50% MPA, 18.5 min, 95% MPA; 23.5 min, 95% MPA. The flow rate was 20 mL/min and injection volume was 250 µL. For all analyses, detection was performed by UV at 325 and 254 nm and collection was automatically done by filling 30% of the tube. Samples were kept at ambient temperature during the whole analysis.
All collected fractions were dried using a Speedvac (SpeedVac plus, Thermo Savant™) and dissolved in DMSO-d 6 for NMR analysis (Bruker cryo 500 MHz, Germany) (see Supplementary Table S1 ).
Results
Radical scavenging properties in vitro
Redox properties of extracts were evaluated by studying their ability to scavenge 2,2-diphenyl-1-picrylhydrazyl (DPPH · ) radical. The analyses were first carried out on ethanolic extracts of flowers, leaves, and roots. The results showed that roots presented weak radical scavenging activity, with an IC 50 of 1525 ± 122 mg/L. Flowers and leaves had greater activity, with IC 50 values of 475 ± 15 and 467 ± 14 mg/L, respectively (see Supplementary Data S1). Leaves were chosen for further investigations as flowers are more fragile and less abundant.
Radical scavenging activity was measured for the crude ethanolic leaf extracts of seven individual plants of violet of Toulouse and respective fractions (N = 42) of decreasing polarity (F1-F5) ( Fig. 1A ; plain bar plots). While the seven crude extracts displayed an IC 50 value of 467 ± 14 mg/L, high IC 50 values were obtained for SPE fractions F1 and F5 (2605 ± 380 and 1337 ± 26 mg/L, respectively) demonstrating weak radical scavenging activity in vitro in these cases. Significant activities were measured for fractions F2, F3 and F4, with IC 50 values of 53 ± 5, 153 ± 9 and 429 ± 10 mg/L, respectively. For comparison, the positive controls Trolox and rutoside possess IC 50 values of approximately 7 and 14 mg/L, respectively. Therefore, fractions F2 and F3 seemed promising for the discovery of antioxidant compounds in vitro as preservatives.
To confirm these results, ESR experiments were conducted to measure the capacity of extracts (final concentration of 50 mg/L) to trap superoxide radical (O 2 ·− ). The corresponding values of the ESR signal double integrations are presented in Fig. 1A (striped bar plots) . As for DPPH assay, F2 and F3 appeared to have the most redox potential as demonstrated by the low intensity of the remaining signal.
UHPLC-HRMS-based metabolomics approach
UHPLC-HRMS profiles of all the 46 extracts (7 crude extracts, 35 SPE fractions, and 6 QC samples prepared by pooling an aliquot of all fractions) afforded 434 and 527 features (m/z-RT pairs) in NI and PI modes, respectively.
The C 18 -SPE procedure is clearly effective at resolving the extracts according to polarity, with polar fractions 1-3 eluting early (<6 min in our UHPLC conditions) and fractions 4 and 5, containing apolar compounds, eluting at later retention times (see Supplementary Data S2).
As a preliminary step, principal component analysis (PCA) was applied as an exploratory data analysis to provide an unsupervised overview of the LC-MS fingerprints. PCA clustered all independent biological replicates from the same fraction. Thus, one fraction was related to one position on the plot with slight variability highlighting a reproducible response. As expected, PCA grouped crude extracts and QC near the plot centre. By contrast, single fractions were well distributed (Fig. 1B) . These results indicated that SPE fractionation and LC-MS workflows highlighted variability in the data set, and were highly reproducible. Moreover, it demonstrated a stable chemical composition within aerial parts of the seven independent plants under study. After PCA, we applied OPLS regression analysis to obtain a classification of the loadings (i.e. m/z-RT pairs) regarding the DPPH IC 50 value (input Y). The quality of model prediction was good (R2Y = 0.977, Q2Y = 0.952) and a permutation test assessed its validity (see Supplementary Data S3). This supervised method allowed the ranking of potential redox-active compounds according to their regression coefficient values (Fig. 1C(a, b) ): negative coefficients were correlated to potential redoxactive compounds and positive coefficients to less-active redox compounds. From the list containing the first hits (Fig. 1C(c) ), we carried out the identification procedure based on their MS/MS spectra.
Identification of potential radical scavenger compounds based on in silico fragmentation
Using the OPLS regression analysis results, the top eight compounds were tentatively identified by interrogating local natural product databases integrated in MS-FINDER: PlantCyc, UNPD, KNApSAcK and ChEBI (Table 1 , Hit NP databases). For each compound, the results afforded several candidates and ranked them according to their similarity score, which was based on comparison between experimental MS/MS fragments and in silico spectra of candidates. Interestingly, for compounds 1, 2, 3, 6 and 8, the top three candidates ranked by MS-FINDER each contained a coumarin core, and for compounds 4, 5 and 7, each contained a flavonoid derivative. UV spectra of each peak (Table 1; UV λ max ) supported our assumptions. The coumarin nucleus displays two absorption bands near 270 and 310 nm. Substitutions on this nucleus tend to produce a bathochromic shift (Masrani et al. 1974) . For the flavonoids, two absorption bands of interest are around 250 to 295 and 310 to 370 nm, depending on the flavonoid class and the substitution pattern (Olsen et al. 2009 ). Therefore, the higher wavelength band gives differentiation between coumarins and flavonoids. Still, the candidates were numerous and not always relevant, e.g., compound 5 had hundreds of candidates and feruloyl derivatives were proposed for compound 1. To refine the results, we carried out a second identification step by creating a user-defined database restricting results of UNPD to compounds found in Viola genus (Table 1 , Hit UNPDViola). Thus, fewer and more pertinent candidates could be proposed. In our case, this led to the identification of compounds 4, 5 and 7 as flavonoids, indicating that all the other significant features have never been described in Viola genus. Moreover, compounds 3 and 8 remained totally unknown as no hit matched with any database.
Extending the dereplication process via a mass spectral similarity network
The mass spectral similarity network displayed two clusters of radical scavenger compounds, i.e., antioxidants (Fig. 2) . Each cluster was closely related to one SPE fraction: according to our previous identification results, flavonoids were mainly found in F3 while coumarins were mainly found in F2. The flavonoid cluster displayed three compounds with related structures active in reducing DPPH · (Fig. 3) . Compounds 4 and 5 presented a statistically significant radical scavenging potential according to their coefficient score (Table 1 ; OPLS coefficient). Interestingly, the molecular formulae of the compounds from this cluster matched structures already identified in Violaceae. Experimental MS/MS patterns mirrored to in silico fragmentation allowed the preliminary identification of schaftoside (4), isovitexin 6″-O-β-d-glucopyranoside (5) and 6,8-di-C-α-l-arabinopyranosylapigenin (7) (see Supplementary Data S4). These structures were based on a user-defined Viola database, as hits were more pertinent and the final candidate had the highest total score, generally above 7.
The other compounds of interest belonged to the coumarin cluster (Fig. 3) . Compounds 3 and 8 were connected with the identified glycosylated coumarins C 16 H 18 O 11 (compound 2), confirmed by 1D and 2D NMR (see Supplementary Data S5). Thus, we applied a de novo dereplication based on the interpretation of mass loss to propose potential chemical structures. We interpreted a difference of 162 Da between 3 and 2 as a glucose substituent. We suggest a new 8-O-diglycosylated coumarin structure for 3, based on the MS/MS spectrum and the loss of a 324.12 Da, correlated to two linked glucose units (see Supplementary Data S4). Regarding 8, a difference of 14 Da was indicative of a di-methoxy-8-O-glycosylated coumarin.
Compound 6 was tentatively identified as an 8-C-glycolsylated coumarin from comparison with in silico fragmentation data using MS-FINDER local databases.
Validation of the model
To validate our OPLS model, we used a TLC-DPPH-MS assay for fractions F2 (Fig. 4a) and F3 (Fig. 4b) . Overall, the four coumarins (1, 2, 3 and 8) and the three flavonoids (4, 5 and 7) were identified and matched with the OPLS ranking.
We then tested purified compounds 1 and 2 for their respective scavenging activities against DPPH (plain bar plots) and superoxide radicals (striped bar plots) (Fig. 5) . Trolox and rutoside were used as references for both assays. The difference in radical scavenging capacity of Trolox against DPPH and superoxide radicals can be easily Table 1 Summary of all dereplicated compounds *Ranking based on OPLS regression coefficients, served as compound number **Hits found when interrogating natural product databases (UNPD, KnapSack, CheBI, and PlantCyc) in MS-FINDER ***Hits found when interrogating the user-defined database (UNPD and DNP) composed of known compounds in Viola The radical scavenging properties of compound 1 (97% pure) were confirmed by comparison with the active controls, Trolox (DPPH IC 50 : 1 9 ± 2 mg/L vs. Trolox 7 mg/L), and rutoside (ESR double integration: 1 0.88 ± 0.01 vs. rutoside 1.78 ± 0.10).
For compound 2 (90% pure), the DPPH IC 50 of 49 ± 1 mg/L and ESR double integration of 15 ± 1, suggests this compound is a less active radical scavenger than compound 1, meeting the statistical ranking.
Discussion
The objective of this work was to characterise redox active metabolites from the leaves of Viola alba subsp. dehnhardtii together with de novo dereplication of active compounds and the establishment of a non-volatile metabolite fingerprint.
In order to decipher the redox potential in few steps, we correlated DPPH results to UHPLC-HRMS fingerprints by OPLS regression. This method allowed the ranking of detected features according to their potential radical scavenging properties. In addition, a mass spectral similarity network allowed de novo dereplication of top ranked features, based on the acquisition of UHPLC-HRMS profiles in data dependent analysis mode. This provided accurate mass-to-charge ratio for molecular formula determination along with MS/MS fragments used for peak assignments.
NI mode MS and MS/MS spectra were mainly used as they were of better quality than PI spectra, thus improving in silico identification using MS-FINDER. Processing with MS-DIAL allowed the acquisition of a clean peak list with deconvoluted MS/MS data for each feature. This meant we could easily remove adducts and other ionisation artefacts from files uploaded to MetamapR. This resulted in a cleaner molecular network compared with uploading raw data files. The mass spectral similarity network allowed the organisation of features in clusters and dereplication results highlighted mainly coumarins in SPE fraction F2 and mainly flavonoids in fraction F3. These scaffolds are known for having several biological activities, including redox activity (Procházková et al. 2011; Gacche and Jadhav 2012) . We identified a mixture of C-glycosylated flavonoids along with O-glycosylated coumarins. The enrichment of these molecules in the two fractions explains the improved antioxidant properties of the fractions over the crude extracts. Although some of the compounds, e.g., compounds 5 and 7, are well-known in Viola genus Xie et al. 2003) , the other compounds we identified have not previously been described in this genus.
The protective effect of phenolic coumarins against oxidative damage depends on the hydrogen-donating capacity of hydroxyl groups (Kostova 2006; Borges et al. 2005 ) and then on their oxidisability. Previous structure-activity relationship studies have identified the importance of the number and location of the phenolic hydroxyl groups (Kancheva et al. 2010) . As compounds 1 and 2 have the same substituents, energy minimisation calculations were carried out using the MM2 forcefield (Chemdraw 3D, Cambridge Soft, USA) to understand the difference between their radical reducing capacity. These calculations demonstrate that the hydroxyl group in position 6 in compound 1 was the most readily oxidisable into OH ·+ and thus responsible for the strong antioxidant capacity measured for 1 compared with 2. Purification of coumarins C 16 H 18 O 11 1 and 2 tested in DPPH and ESR redox assays confirmed the workflow used in this study: as predicted by the model, compound 1 appeared as a reducer that is a good antioxidant compound in vitro.
Our statistical analysis was validated by TLC-DPPH-MS assays, with detection of seven DPPHactive compounds ranked in top positions of the analysis. A big advantage of our approach is the limited manipulation steps (crude extraction followed by a single SPE fractionation) and low sample demand. For instance, 1 g of dried plant material should be sufficient to conduct the entire workflow. The workflow could easily be implemented to any kind of extract with other biological activities. However, ranking results of variables may not accurately reflect the biological activity. Ranked positions may vary depending on scaling and normalisation processes. The first 20 ranked variables should be considered for thorough analysis. Another drawback of this method concerns the correlation between biological assay results (Y) and the detection method used to generate variables (X). In our case, we only took into account ionisable compounds in electrospray ionisation (ESI) mode for OPLS modelling. The ionisation process is compound dependent and does not reflect a quantitative measure of each detected feature. We could reach Table 1 more realistic models by using universal-type detectors such as Evaporating Light Scattering Detector (ELSD) or Charged Aerosol Detector (CAD). While 1 H-or 13 C-NMR could be an interesting alternative, the lack of sensitivity of this method is not compatible with complex samples like crude natural extracts.
Finally, the framework of our dereplication strategy capitalised on UHPLC-HRMS-MS/MS profiles, using agreement between modelled and experimental MS/MS fragmentation patterns and mass spectral similarity network to propagate assignments of clustered features. As illustrated with the coumarin cluster, using the molecular network and propagating from a known compound allows identification of others belonging to the same class by interpreting the neutral mass loss.
Conclusion
A UHPLC-HRMS based metabolomic study combined with molecular networking tools allowed the dereplication of redox-active metabolites present in the violet of Toulouse. These compounds were mainly flavonoid and coumarin derivatives. Our approach highlighted two main metabolite clusters displaying functional groups with redox-active properties. We identified seven compounds of interest, of which five were found through MS/MS fragmentation and comparison with references found in databases. Two unknown coumarins were de novo dereplicated through a molecular networking approach. Overall, the workflow proposed here allowed early identification of redox active compounds within a complex mixture with limited effort and crude materials.
In this work, it was chosen to correlate redox-active properties with LC-MS profiles to identify compounds of interest but more generally, provided variability is brought to the data set, this method can be implemented in any study of other chemical and biological properties employing different types of assays. 
